and provide insights for genetic medicine and its application across human 10 populations 3,4 . Summarizing and visually representing these patterns of diversity has 11 been a persistent goal for human geneticists [5][6][7][8][9][10] , and has revealed that genetic 12 differentiation is frequently correlated with geographic distance. However, most 13 analytical methods to represent population structure [11][12][13][14][15] do not incorporate geography 14 directly, and it must be considered post hoc alongside a visual summary. Here, we use a 15 recently developed spatially explicit method to estimate "effective migration" surfaces to 16 visualize how human genetic diversity is geographically structured (the EEMS method
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17
The resulting surfaces are "rugged", which indicates the relationship between genetic 18 and geographic distance is heterogenous and distorted as a rule. Most prominently, 19 topographic and marine features regularly align with increased genetic differentiation 20 (e.g. the Sahara desert, Mediterranean Sea or Himalaya at large scales; the Adriatic, inter-21 island straits in near Oceania at smaller scales). In other cases, the locations of 22 historical migrations and boundaries of language families align with migration features.
23
These results provide visualizations of human genetic diversity that reveal local patterns 24 of differentiation in detail and emphasize that while genetic similarity generally decays 25 with geographic distance, there have regularly been factors that subtly distort the 26 underlying relationship across space observed today. The fine-scale population 27 structure depicted here is relevant to understanding complex processes of human 28 population history and may provide insights for geographic patterning in rare variants 29 and heritable disease risk. 30 31
In many regions of the world, genetic diversity "mirrors" geography in the sense that genetic 32 differentiation increases with geographic distance ("isolation by distance" [17] [18] [19] ); However, due to 33 the complexities of geography and history, this relationship is not one of constant 34 proportionality. The recently developed analysis method EEMS visualizes how the isolation-by-35 distance relationship varies across geographic space 16 Specifically, it uses a model based on a 36 local "effective migration" rate. For several reasons, the effective migration rates inferred by 37 EEMS do not directly represent levels of gene flow 16 ; however they are useful for conveying 38 spatial population structure: populations in areas of high effective migration are genetically more 39 similar than other populations at the same geographic distance, and conversely, low migration 40 rates imply genetic differentiation increases rapidly with distance. In turn, a map of inferred 41 patterns of effective migration can provide a compact visualization of spatial genetic structure 42 for large, complex samples. 43 44 We apply EEMS on a combination of 27 existing single nucleotide polymorphism (SNP)  45 datasets. In total, these comprise 6066 individuals from 419 locations across Eurasia and Africa 46 (Extended Data Table 1 ), which we organize in seven analysis panels: an overview Afro-47
Eurasian panel (AEA), four continental-scale panels, and two panel of Southern African 48
KhoeSan and Bantu speakers. For all analysis panels, the inferred EEMS surfaces are 49 "rugged", with numerous high and low effective migration features (Fig 1a, Fig 2) that are 50 strongly statistically supported when compared to a uniform-migration model (Extended Data 51 Table 2 ). In Africa (Fig. 2g) , a trough aligns with the Sahara desert and extends south-eastward into a 82 geographic region that is a complex linguistic contact zone with Afro-Asiatic speakers (North), 83
Nilo-Saharan and Niger-Congo speakers, and linguistic isolates, the Hadza and Sandawe 84 (South). Notably, the contiguity of the South-East extension of this trough is sensitive to the 85 inclusion of the Hadza and Sandawe (Extended Data Fig. 9 Africa differentiation axis in the AEA panel (Fig. 1b) , the circum-Mediterranean and circum-97
Saharan distribution of diversity in Western Eurasia and Africa, respectively, and gradients from 98
Europe into East Asia and South Asia in the Central/Eastern Eurasian panel (Fig. 2) ), whereas they are typically placed in low-106 migration regions in EEMS. We also compare the model fit of EEMS and low-rank PCA (using 107 the first 2, 10 and 100 components) to the observed genetic distances as a means of assessing 108 how well each low-dimensional approach conveys structure in full genetic data. EEMS performs 109 better for small-scale panels, but PCA provides a better fit on the larger-scale AEA and CEA 110 panels (Extended Data Figure 5 ). We hypothesize EEMS tends to represent local genetic 111 differences relatively well, and this is supported by an analysis where we stratify the residuals of 112 genetic distances (Extended Data Fig. 6 Finally, ascertainment decisions of which samples to include will affect the outcome of any 148 analysis. When there is a feature inferred in a region with few samples, the exact positioning of 149 the inferred change on the map will be imprecise (e.g. the trough presumably associated with 150 the English Channel in Fig 2b) . We obtained SNP genotype data from 27 different studies (Extended Data The remaining SNPs were then merged using successive plink --bmerge commands into a 262 single master dataset with 9,003 individuals and 1.9M SNPs but a total genotyping rate of only 263 20.6%. 46 SNPs were removed because different studies reported different alternative alleles. 264 We used a relationship filter of 0.6 using the "--rel-cutoff 0. . We found that while 390 ascertainment bias has an effect on the heterozygosity surfaces that EEMS estimates, the 391 migration surfaces remain relatively unaffected (Extended Data Fig. 1 ). Therefore, we restrict 392 our presentation to the migration surfaces. 393 394
For each panel, we performed four pilot runs of 2-8 million iterations each. The run with the 395 highest likelihood was then used for a second set of four runs of 4-10 million iteration each, with 396 the first 500,000 million discarded as burn-in. Number of iteration were chosen such that total 397 computation time was around 10 days. Every 20,000th iteration was sampled. EEMS 398 approximates a continuous region with a triangular grid, which has to be specified. We 399 generated global geodesic graphs at three resolutions (approximate distance between demes of 400 120, 240 and 500km, respectively) using dggrid v6.1 53 and intersected these graphs with the 401 area representing each panel (Extended Figures 2,3 ). All other (hyper-)parameters were kept at 402 their default values 16 . We compared EEMS to an isolation-by-distance model with a constant 403 migration rate by re-fitting EEMS allowing only a single migration rate tile, but arbitrary diversity 404 rate tiles using the otherwise same settings. The resulting log Bayes Factors are given in 405 Extended Data Mediterranean coast and one inland (Fig 2g) . The inland corridor disappears in our lower-506 resolution Afro-Eurasia panel ( Figure 1a ) and presumably reflects Sub-Saharan ancestry in 507 some Moroccans, perhaps through trans-Saharan trade. 508 509
In the AFR-panel, we observe a trough reflecting the language group boundaries between 510
Niger-Congo and Afro-Asiatic language speakers 58 
